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Abstract
This study proposes a new hybrid forecasting methodology for short-term energy efficiency prediction, this new method
composes stochastic frontier analysis-generalized autoregressive conditional heteroskedasticity (SFA-GARCH) model and
radial basis function neural (RBFN) model. A three-step procedure is implemented. First, the selected independent
variables are analysed via SFA-GARCH model, to present their casual relations. Second, regional energy efficiency level
is evaluated based upon the time series data obtained from past ten years. Finally, the proposed hybrid model considers a
6-years ahead prediction of regional energy efficiency level. The result demonstrates good performance according to tail
loss test when compared with normal SFA method, it proves that the hybrid methodology should be an appropriate
measure.
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1. Introduction
Due to the environmental pressure, the study of energy efficiency, such as energy intensity and energy
productivity, has been vital research fields in past decades. China’s energy consumption per unit output
value is 2.3 times the world average, and the energy efficiency 10% less than world average. Therefore, to
control energy consumption and increase energy efficiency has become a rigorous matter in China. Accurate
forecasting of energy efficiency level is important for politic decision.
There are mainly four types model focus on estimating the energy efficiency from different perspectives.
First is the Index Data Analysis (IDA) model, it investigates how do the change of industrial structure impact
the total energy intensity. For example, Newell adopt it to analyse the relation between technical change and
energy saving [1]. Second is the Data Envelopment Analysis (DEA) model, scholars employ DEA model
because they believe energy efficiency should be put together with wide independent factors in order to
evaluate outputs[2][3]. Few studies have been found to adopt SFA model to deal with the analysis of energy
efficiency. Boyd [4] and Boyd et al. [5] adopt stochastic frontier regression method to investigate energy
performance index. Moreover, GARCH models are widely employed to estimate volatility of assets, and they
show the short-run performance based upon in-sample forecasts [6].
However, the above methods ignore the effect of measurement error and other statistical noise, it may lead
to the result error. Literature examining the energy efficiency on prediction angle is rather sparse. Forecasting
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regional energy efficiency is difficult because unlike price series such features as nonconstant variance and
significant outliers. To overcome this short point, a new hybrid method is proposed for evaluating influencing
factors and forecasting regional energy efficiency. Where, a hybrid model including SFA-GARCH model and
Radial Basis Function Neural (RBFN) model are used.
2. Data
This paper sets influencing factors from following four perspectives:
a) per capita GDP (PGDP) represents regional economic development level;
b) the proportion of coal (C) in primary energy consumption describes energy consumption characteristics;
c) labour productivity (LP) demonstrates technology level;
d) fixed asset investment (IFA) accounted for the proportion of GDP every year, it means investment level.
Due to the different sources, PGDP and the C in primary energy consumption are consist of yearly data
series from China energy yearbook, LP is chosen from China labour statistic yearbook, and IFA accounted for
the proportion of GDP is set from regional statistic yearbook. Panel data area units includes China's 30
provinces (autonomous regions and crown city, not including Tibet, Hong Kong, Macao and Taiwan area).
The data set from January 01, 2003 to December 31, 2012, the time period covers ten years.
3. Proposed Methodology
It is divided into following three parts. First, it describes the SFA model, it is adopted to investigate the
regional energy efficiency indicators(EEI). Second, it illustrates the GARCH model, which is used to evaluate
the volatility among EEI and influencing factors. Finally, the hybrid model is introduced for estimating short-
term EEI.
3.1 SFA model
3.1.1 Shephard energy distance function
According to Zhou et al. [7], the shephard energy distance function is employed in this section to define
EEI for investigating regional energy efficiency performance. The function is as follows:
    EEIIFALPCPGDPEEIIFALPCPGDPT  ,,,:,,,, (1)
where, economy level, labour, technology level and investment level are inputs, they are treated as
independent variables. EEI is output, it is treated as an dependent factor. The function normally assume that
  TEEIIFALPCPGDP ''''' ,,,, if    IFALPCPGDPIFALPCPGDP ,,,,,, ''''  and YY 	' .
To investigate energy efficiency, the ratio of energy use to actual energy use, can be defined as energy
efficiency indicators: EEIIFALPCPGDPDEEI E ,,,,/1 (2)
where EEI equals to if the figure of regions to be estimated is located at the frontier of best practice. EEI less
than one or over than one means a worse or better energy efficiency performance [8].
3.1.2 SFA model
The Shephard energy distance function for region i can be represented as  EEIIFALPCPGDPDE ,,,, .
Cobb-Douglas formula[9] is employed to analyse specifically, the function is expressed in the form of the
logarithms:
  
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where i means parameter i of region i, it proves the impact of various factors from the perspective of
empirical evidence. 
 is a random statistical noise and approximation error.
3.2 GARCH model
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This section adopts GARCH method to investigate both long-term and short-term relationships among the
volatility of EEI, PDGP and C, LP and IFA. This part primarily employs the Augmented Dickey Fuller (ADF)
unit root test to confirm whether the data series are is stationary. Finally, the GARCH (1, 1) model is used to
evaluate the degree of volatility .
3.2.1 GARCH-type models
In order to specifically analyse four influencing factors of regional EEI, the model is extended as bellows:
The extended GARCH(1,1) model
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where REEI is the regional energy efficiency, MPGDP,t stands for the per capita GDP each year, MC,t represents
the proportion of coal in primary energy consumption, MLP,t stands for labour productivity and MIFA means
fixed asset investment accounted for the proportion of GDP every year. The coefficients of equation (4) need
to satisfy 0,0  ik ba , and 0c , to ensure the conditional variance is positive. th explains the conditional
variance of REEI, 0 ,  and 1 have to be estimated in the variance to enable the past squared errors to
determine the time-varying conditional variance. i stands for the presence of the asymmetric effect.
3.2.2 Other functions
This paper employs ADF unit root test primarily, it includes extra lagged terms of the dependent variables
for capturing the auto-correlation. The LM test is employed for testing whether the coefficients in the
regression are zero. The functions are as bellows
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where q is the number of lags, and  represents the coefficient of correlation.
3.3 RBFN model
RBFN model is a neural forecasting network that implicates that it can also be a vital candidate for time
series data. It is a accurate modeling tool for any types of casual relationship. There are many types of neural
network models, the most popular one for time series data forecasting is as shown in Figure 1.
Figure 1 A three layers RBFN model
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The input nodes are the lagged observations and the output nodes present the forecasting result. Hidden
nodes are used to be nonlinear transfer function to anlayse information collected by input nodes. The formula
is as bellows:
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where n is the number of hidden nodes, m is the number of input nodes. f means a vector of weights from the
hidden nodes to output nodes:  ,...n,j
x
xf j 10,.)exp(1
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
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and  njmiij ,...,2,1;,...,1,0,  are a vector of
weights from the input nodes to hidden nodes. 0 and ij have values which always equal to 1.
4. Empirical Analysis
4.1 Descriptive Statistics
The descriptive statistics of the volatility of four independent variables (Panel A) are illustrated in Table 2.
Table 2 Descriptive Statistics of Variables
Note: full sample of variables are collected from January 01, 2003 to December 31, 2013
4.2 Unit Root Test of Variables
The result of unit root test for PGDP,C, LP and IFA are reported in Table 2. Before applying further models,
it is need to identify whether variables are non-stationary series. The test demonstrates the t-statistics value
generated lower than the critical value, and it means the series data do not has an unit root problem and
they are stationary series.
Table 3 Unit root test of four variables
Variables
Automatic
Lag Length
ADF Statistic
5% Level of Critical
Value
Inference
lng (PGDP) 0 -37.103 -3.382 lnf~I(0)
lng (C) 0 -36.227 -3.416 lnf~I(0)
lng (LP ) 0 -42.491 -3.388 lnf~I(0)
lng (IFA ) 0 -30.743 -3.622 lnf~I(0)
4.3 LM Test
Assuming a null hypothesis that there is no serial correlation up to lag order p, where the p is equal to
1 in this test. The LM test statistic (126.573) should be compared with the critical value of Chi-
Squared (1) value. The critical value of Chi-Squared (1) is selected as 3.82 from the statistical table. As
127.461 exceed the critical value 3.82, thus there is no doubt that the null hypothesis can be rejected.
Therefore, a significant serial correlation exists between variables.
Observation Unit
Standard
Deviation
Skewness Kurtosis Mean Maximum Minimum
PGDP 300 RMB 12748.708 0.681 3.075 16356.382 80376.600 2861.203
C 300 % 17.811 -0.0640 3.573 64.272 96.500 10.100
LP 300 % 7.6944 24.8410 625.9415 1.2712 195.0000 0.0000
IFA 300 % 2.656 3.1522 11.159 2.950 15.393 0.090
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Table 4 LM Test for ARCH of the Variables
Lags (p) Prob. Chi-square Obs*R-squared
1 0.0002 126.573
4.4 Fixed Effect Regressive Analysis estimated by the GARCH model
The purpose of this section is to investigate the volatility coefficient among four variables, Table 6
summarises the results of the ARCH effect estimated by the GARCH (1, 1) model. Due to the difference of
resource allocation and economic development in every region, this section analyses based upon east
region,central region and west region, in order to investigate to examine the impact of various factors of
regional differences. The empirical result is illustrated in the Table 6.
Table 5 volatility Relationship among four Determinants of Variables
Coefficient
Variables East region Central region West region
Ln(PGDP) -0769*** -3.062*** 0.147
Ln(C) -0.106*** -0.101*** -0.093***
Ln(LP) 0.482*** 1.299*** -0.714***
Ln(IFA) -0.012* -0.260*** -0.034***
Note: *,**,***means figure is significant at 10%,5% and 1%
The per capital GDP in eastern region and central region of China is highly relative, the changes in PGDP
can have significant impacts on regional energy efficiency. However, the impacts of western region is not
obvious because of the limited economic development. The volatility efficient of C is highly influence with
eastern cities due to the improving high clean coal technology recent years. LP plays an important role in
central regions. There is a question then arises, the energy efficiency in every province should be evaluated
based upon the volatility of factors.
4.5 SFA model
The Shepard energy distance function will increase by a certain proportion with the increasing of energy
efficiency, it is also consistent with energy intensity. The system cluster analysis is adopted to collect the
empirical results of energy efficiency of China's 30 provinces. According to the perspectives of regional
energy efficiency level, these provinces are divided into three areas, as shown in Table 6, The average
efficiency level of these three areas is presented in Table 7.
Table 6 Three areas of China
Regions Provinces
High efficiency
areas
Beijing, Shanghai, Guangdong, Guangxi, Fujian,Zhejiang Jiangsu, Hainan
Moderate
efficiency areas
Hielongjiang, Jilin, Tianjin, Shannxi, Jiangxi, Hunan, Hubei, Sichuan,
Chongqing, Shandong, Henan, Hebei, Anhui, Yunnan
Low efficiency
areas
Liaoning, Gansu, Xinjiang, Inner Mongolia, Qinghai,Ningxia, Shanxi,
Guizhou
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Table 7 Energy efficiency value of three areas from 2003 to 2012
2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 Average
High
efficiency
areas
0.807 0.831 0.874 0.919 0.870 0.906 0.873 0.913 0.898 0.930 0.882
Moderate
efficiency
areas
0.630 0.638 0.664 0.755 0.678 0.717 0.677 0.670 0.672 0.766 0.687
Low
efficiency
areas
0.486 0.464 0.502 0.525 0.488 0.492 0.523 0.580 0.609 0.612 0.528
Figure 2 shows the three patterns of energy efficiency by areas (high efficiency, moderate efficiency and
low efficiency). The overall trends of China present that energy efficiency was improving prior to 2006,
decreased after that, and increased gradually after 2009. The moderate efficiency areas and low efficiency
areas have greater performance during this period because the energy saving targets have been promoted in
“Eleventh Five year plan”.
Figure 2 Energy efficiency trends of three regions
4.6 Hybrid model
Table 8 shows the proposed efficiency value for 2015, 2017 and 2020, SFA-GARCH model and hybrid
model are compared. It can be figured out that the gap between high efficiency areas and moderate efficiency
areas is smaller within the the prediction time horizon increases. The forecast results obtained by hybrid
model are quite close to the value proposed by SFA model, it demonstrates that the results estimated with
the hybrid model are reasonable. Moreover, the time horizon of 6-years is appropriate to prediction
management.
Table 8 6-years time horison forecast
2015 2017 2020
SFA Hybrid SFA Hybrid SFA Hybrid
High efficiency areas 0.921 0.932 0.929 0.906 0.906 0.938
Moderate efficiency
areas 0.722 0.705 0.816 0.816 0.816 0.903
Low efficiency areas 0.671 0.690 0.734 0.783 0.820 0.886
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5. Conclusion
In this paper, a hybrid method composing SFA-GARCH model and RBFN model is structured for short-
term regional energy efficiency prediction adopting independent factors. First, SFA-GARCH model is used to
analyse the causal relationship among regional energy efficiency and other influencing factors. Second, the
model estimates the volatility degree of explanatory variables. Finally, the paper uses hybrid model to predict
6-years ahead energy efficiency level and is applied to different regions in China.
The result obtained with the hybrid model demonstrated an appropriate efficiency level compared with
other prediction methods. Moreover, it is significant to prove that the methodology proposed in this paper was
structured based upon the features of Chinese regions.
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